ABSTRACT. For genetic evaluation of beef cattle, univariate or bivariate analyses are often performed as an alternative to decrease the complexity of matrices and mathematical models compared to multivariate analysis, which considers a larger number of joint traits. The use of bivariate methods to calculate genetic predictors may cause bias in the estimation of breeding values and, as a consequence, reclassification of the rank of top-selected sires, resulting in a loss of genetic gain in future generations. The objective of this study was to compare the bivariate and multivariate joint methods of genetic evaluation, verifying the selection loss, and reclassification of the ranking of the best animals with different selection intensities. Records of 431,224 Nellore breed animals were evaluated for birth weight, weaning weight, post-weaning gain, muscle score, scrotal circumference, and selection index. The pedigree file consisted of 505,848 animals, including 218,727 males and Comparison of analysis methods for beef cattle 287,121 females. The predicted breeding values were obtained using the program PEST 2, and the complete pedigree analysis was performed by the PopReport software. The results showed that, for the four different selection intensities considered (TOP 10 and 1, 10, and 30%), selection loss and reclassification of animals in ranking, were detected for all traits evaluated when the two methods of analysis were compared.
INTRODUCTION
Multivariate joint analyses have been recommended for genetic evaluations of animals (Henderson and Quaas, 1976; Thompson and Meyer, 1986; Kovac and Groeneveld, 1990; Meyer, 1991) , since they can improve the accuracy of the evaluation, and consequently, the selection response, making it possible to eliminate or reduce the bias because of the selection applied of certain variables (Pollak et al., 1984; Schaeffer, 1984) . However, because the computational demand is increased by the number of (co)variances that have to be estimated together in the multivariate models, univariate or bivariate analyses are often performed (Henderson, 1984; Meyer et al., 1993; Villanueva et al., 1993; Ramírez-Valverde et al., 2007) .
In recent years, improvements in computing resources allow easier handling of large data sets and models considering traits that can be analyzed jointly with all traits included in the selection process (Noguera et al., 2002) . Several studies (Eler et al., 1995; Bennett and Gregory, 1996; Ramírez-Valverde et al., 2007) have demonstrated that multivariate joint analyses are feasible and present better results than bivariate analyses for different breeds of beef cattle.
The Nellore breed accounts for 80% of the registered zebu (Bos indicus) cattle in Brazil. The main feature of the breed is its adaptability to tropical conditions, although the herds exhibit large differences in growth and fertility potential among regions. This variability represents potential for genetic improvement in the production and reproduction ambits. The traits associated with growth, such as birth weight (BW), weaning weight (WW), postweaning gain (PWGAIN), and muscle score (MUSC), and those related to reproduction, such as scrotal circumference (SC), are important for the efficiency of production systems and are constantly considered as selection criteria. For that reason, comparisons should be performed in one multivariate joint analysis to avoid the bias on the predicted genetic values (Pollak and Quaas, 1981; Henderson, 1984) . The objective of this study was to compare one multivariate joint analysis to a number of bivariate analyses by computing the loss of selection response for growth and reproduction traits (BW, WW, PWGAIN, MUSC, and SC) as well for the selection index (INDEX) in the genetic evaluation of Nellore cattle raised in Brazil.
MATERIAL AND METHODS

Data information
The data used in this research came from the Agro-Pecuária CFM, Ltda., which is a cattle breeding company located in the tropical southeastern and central-western region of Brazil. This company sells around 2000 young Nellore replacement bulls out of approximately 7000 weaned calves per year. Both bulls and heifers were maintained on high-quality pasture (40% Brachiaria brizantha, 50% Panicum maximum, and 10% others) and received mineral supplementation through the years.
Records of 431,224 animals born from 1984 to 2008 were included in the breeding value estimation. The pedigree data were composed of 505,848 animals, including 218,727 males and 287,121 females. The average age of males and females at reproduction was 6.1 and 7.0 years, respectively, and the generation interval of the studied population was 6.3. The pedigree completeness average, which represents the proportion of known ancestors in each generation (MacCluer et al., 1983) for the animals born within the last 10 years were 43.2, 40.1, 35.1, 29.1, 24, and 20.1% for 1, 2, 3, 4, 5, and 6 generations, respectively. The animals were distributed over 3265, 8144, 858, 730 , and 389 contemporary groups (CG) for BW, WW, PWGAIN, MUSC, and SC, respectively. The description of the data set structure is given in The data set analyses were carried out in the Department of Animal Breeding and Genetic Resources of the Friedrich Loeffler Institut (FLI), Germany, in partnership with the Animal Breeding and Biotechnology Group of the College of Animal Science and Food Engineering, University of São Paulo, Brazil (GMAB, FZEA, USP). Besides the traits that were considered in this study (BW, WW, PWGAIN, MUSC, and SC), the INDEX was also calculated. For the INDEX composition, each component was obtained using the ratio between the expected progeny differences (EPD) and its genetic standard deviation, where a specific weight was attributed to each included trait (WW, PWGAIN, MUSC, and SC) as described below.
(Equation 1)
Statistical models of analysis
For BW, the model considered dam age, Julian date of birth (both linear and quadratic covariates), and contemporary group as fixed effects; the maternal permanent environmental, direct genetic, and maternal genetic effects were considered as random effects. For WW, the same model was used, but the fixed effect age at weaning season was added as a linear covariate.
The model used for PWGAIN was formed with dam age, Julian date of birth (both linear and quadratic covariates), age at weaning, age at post-weaning measurement (both linear covariates), and contemporary group as fixed effects. The management group at weaning, direct genetic effects, and maternal genetic effects were considered as random effects. A similar model was utilized for SC and MUSC, excluding ages at the measurement season, and including the age at scrotal circumference measurement season (linear covariate) and age at muscle score measurement (linear covariate), respectively. Additionally, the maternal genetic effect for MUSC was excluded because it did not have a significant effect, as shown in previous studies. In matrix notation, all models that were utilized in this study may be presented together as follows: (Equation 2) where, y is an N x 1 vector of records, β denotes the vector of fixed effects, X is the matrix that associates β with y, g is the vector of direct genetic effects, Z is the matrix that associates g with y, m is the vector of maternal genetic effects, M is the matrix that associates m with y, w is the vector of management group at weaning effects, W is the matrix that associates w with y, p is the vector of permanent environmental plus non-additive genetic effects contributed by dams to records of their progeny, P is the matrix that associates p with y, and e is the vector of residual effects that are peculiar to observations and are not explained by other parts of the model. For the multivariate joint analysis, the model expectation is:
where, the subscripts 1, 2, 3, 4, and 5 represent BW, WW, PWGAIN, MUSC, and SC, respectively. The (co)variance matrix for genetic effects is G = G 0 A, where A is the genetic relationship matrix and G 0 is the matrix (of order 9) as follows.
(Equation 4)
The (co)variance matrix for management group at weaning effects is W = W 0 I W , where I W is the identity matrices of appropriate order for w management groups, and W 0 is the matrix (of order 3) as follows.
The (co)variance matrix for permanent environmental effects is P = P 0 I C , where I C is the identity matrices of appropriate order for c cows, and P 0 is the matrix (of order 2) that is applied for BW and WW. R is the residual (co)variance matrix (of order 5) between the five traits.
For the bivariate model, WW was considered as a permanent trait in each bivariate analysis because it contains the most information regarding the selection decisions, as mentioned by Meyer et al. (1993) . However, if the selection criteria consist of five traits jointly, the assumed (co)variance matrix for genetic effects is G = G 1 A, where A is the genetic relationship matrix and G 1 is the matrix (of order 9) setting the covariances not related to WW to zero as follows.
(Equation 5) (Equation 6)
In this present study, similar to the above, the (co)variance matrix for the management group at weaning effects is W = W 1 I W , where I W is the identity matrices of appropriate order for w management groups, and W 1 is the matrix (of order 3) set to zero for all covariance. In the bivariate model with WW as a fixed trait, the mentioned group effects are not correlated as follows.
(Equation 7)
The (co)variance matrix for permanent environmental (P 1 ) and residual (R 1 ) effects for the bivariate model are equal to those considered in the multivariate joint analysis, although the covariance would be set to zero for those that are not correlated to WW.
Selection loss
It can be safely assumed that selection for just two traits is impossible without affecting other important production traits. Thus, the breeding values from the multivariate joint analysis were taken as the true breeding values. Therefore, selection of the top animals from these best linear unbiased predictions (BLUPs) will produce the maximum genetic response. Any other group of breeding animals will result in a reduction of the genetic value average for any selection intensity.
In the first step, all animals included in the data set were evaluated. Four selection intensities applied to the total data set were considered (TOP 10 and 1, 10, and 30%) to calculate the percentage of loss, which was computed as recommended by Peškovičová et al. (2004) . The two means (X MULTI and X BI ) of the EPD, which were the basis for the selection loss computation, were obtained. First, for each trait, the EPD average of the selected animals was calculated by the multivariate joint method (MULTI); subsequently, the EDP results from multivariate joint analyses for the corresponding selected animals were obtained by the bivariate model (BI) because these results were considered the true breeding values.
As a second step, all males born between 1998 and 2005 were analyzed; at this age, they could be selected as sires, who will contribute genetically to the next generations. For this case, as a verification of the genetic loss, the ranking of the selected TOP 10 best males were evaluated for all traits. Additionally, INDEX was determined from the MULTI and BI analyses. After that, the average values for INDEX from the MULTI and BI methods were graphically verified for the four selection intensities considered.
For all analyses, predictions of breeding values were obtained using the PEST program (Groeneveld et al., 2009) . Restricted maximum likelihood (REML) estimates calculated using the VCE 6.0 package (Groeneveld et al., 2008) were used as input parameters for the covariance matrices. The pedigree report analysis was performed by the PopReport software (Groeneveld et al., 2009 ).
RESULTS
The average of the EPD results for each variable studied, including all animals, and the percentages of genetic loss, from the difference between MULTI and BI methods, are represented in Table 2 . Because MULTI was safely assumed as the true genetic value, all obtained EPD averages were higher for MULTI than BI, especially with low selection intensities.
For the four different selection intensities, TOP 10 and 1, 10, and 30%, the selection loss partly depended on the selection intensity, and there was a tendency of a decrease in the percentage of loss by BW, WW, and INDEX results. Nevertheless, there were exceptions to this tendency, and the selection loss remained substantial for higher levels of selection intensity, as verified for SC, PWGAIN, and MUSC. Among TOP 10 and 30% intervals, the difference in the EPD average between the methods was constant. BW and WW presented a considerable percentage of loss, especially for the TOP 10 selection intensity (9.09 and 8.43, respectively), as well as MUSC, which showed loss 5.88, 2.44, 4.00, and 6.25 for TOP 10 and 1, 10, and 30%, respectively. For SC, PWGAIN, and INDEX, the percentages were low and ranged between 1.69 and 2.70 for SC, As a second part of this research, the influence of selection loss in males was studied because the selection of the very best sires is affected by the bias that is generated by the use of an incorrect selection method. The re-ranking percentages of sires selected in the TOP 10 selection intensity are represented in Table 3 by MULTI and BI methods for BW, WW, PWGAIN, MUSC, SC, and INDEX.
For the five studied traits and INDEX, the best animal was the same for both methods considered, but for WW, MUSC, and INDEX, a re-ranking was established from the second animal, indicating selection loss from the beginning of the classification. For the other traits, a similar tendency was observed: for BW, SC, and PWGAIN, the altered ranking occurred from the fourth, fifth, and sixth position, respectively. For higher selection intensities (not shown), it is obviously expected that a superior variation in the ranking occurs, given that more animals will be involved in the comparison; because a position in the ranking is modified, the tendency of the others is to randomize. Figure 1 represents the comparison of the INDEX unit decrease for both methods for the four selection intensities, where those of BI were smaller than those of MULTI for all selected populations. For TOP 10 and 1, 10, and 30%, the INDEX units decreased approximately from 90, 50, 30, and 20% of the selected animals, respectively. These reductions in the INDEX units in the BI methodology demonstrate the genetic loss for selection intensities that were associated with not considering the most correct system of analysis. Table 3 . Re-ranking percentage of males selected (TOP 10) by multivariate joint and bivariate methods for birth weight (BW), weaning weight (WW), post-weaning gain (PWGAIN), muscle score (MUSC), scrotal circumference (SC), and empirical selection index (INDEX).
a Multi = Expected progeny differences from multivariate joint analysis. b Bi = Expected progeny differences from multivariate joint analysis for the selected males from bivariate analysis. Index selection for TOP 10 and 1, 10, and 30% males by using multivariate joint and bivariate methods. MULTI = index unit from multivariate joint analysis; BI = index unit from multivariate joint analysis for the selected males from bivariate analysis; and selected males (%) = percentage of the total selected males for each selection class (TOP 10 and 1, 10, and 30%).
DISCUSSION
Most animal breeding programs use the BI method in the evaluations, but previous experimental analyses motivated the realization of this study (Henderson, 1984; Meyer et al., 1993; Villanueva et al., 1993; Ramírez-Valverde et al., 2007) because it was noted that BI and MULTI analyses led to different patterns of responses in the estimated breeding values. These differences may be explained by the bias generated because of considering the (co)variances between traits as zero (Henderson and Quaas, 1976; Schaeffer, 1984; Thompson and Meyer, 1986; Kovac and Groeneveld, 1990) . The more that the (co)variances among important traits are not considered, the more the estimated breeding values deviate from the true value.
Although the results of selection loss percentage were low considering the entire population studied, the presence of bias in the BI method was evident. This low difference in the EPD average for the methods can be explained by the fact that, regardless of the methodology, the attribution of high breeding values for the best animals of the population is conditioned upon the elevated number of relatives of the top animals, as demonstrated by Falconer and Mackay (1996) . For this reason, it is expected that most of the best animals, which have a large amount of related pedigree information, would be present in the MULTI and BI top rankings, concomitantly.
Our research also demonstrated that the greatest influence of not using the most appropriate method of animal breeding evaluation was the re-ranking that was caused by the analysis bias. Pollak et al. (1984) had warned the potential problems of misranking when genetic evaluation was conducted while disregarding the genetic correlation between important traits. The authors concluded that by not utilizing the multivariate method, there was a tendency to over-predict the worst bulls and under-predict the best bulls. For this reason, many sires still have been used as top bulls from seedstock herds, when in fact other better animals are discarded because they are considered to be inferior.
Considering the unbiased estimates of breeding values as the true value for the trait's aim of selection directly influences the empirical index calculation because it depends on the reliability of the traits used in the computation. Most countries provide breeding values from univariate or bivariate analyses; therefore, they also calculate and publish total merit indices from these breeding values. In situations where correlations between traits are not taken into account, these breeding values will often be biased (Henderson, 1975; Schaeffer et al., 1998; Lassen et al., 2007) .
The loss in the empirical index values for the four different intensities of selection that were considered demonstrated a differentiation in the selection according to the methodology, regardless of the number of animals selected. According to Groeneveld et al. (1992) , the computational outlay that is required by MULTI analyses is considered irrelevant to the possible genetic gain in each animal generation for the selection closer to the reality of the sires that are used in the herd.
CONCLUSION
The importance of using robust types of analysis that approximate the calculation of the estimated value relative to the real value should not be ignored. Because computational advances allow quick calculations, multivariate solutions can provide highly accurate results and an index that is highly reliable and could help the breeder in selection.
